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images assigned to the object type (O11, OT2) are fed nto
the trained first neural network module, the first neural
network module training output data set (FEA1l, FEA2)
generated for the respective training image 1s assigned to the
object sub-type (OST) of the respective training image, and

by means of the aforementioned sub-type assignments, a
sub-type detection module (BMLP1, BMLP2) 1s configured
to detect object sub-types.
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METHOD FOR CONFIGURING AN IMAGE
EVALUATION DEVICE AND ALSO IMAGLE
EVALUATION METHOD AND IMAGE
EVALUATION DEVICE

CROSS REFERENCE TO RELATED
APPLICATIONS

This 1s a 371 of PC'1/1IB2019/057772, filed Sep. 16, 2019,
which claims priority to European Patent Application No.
EP 18197650.7, filed Sep. 28, 2018, both of which are
hereby incorporated by reference herein 1n their entireties
for all purposes.

FIELD

The i1nvention 1s directed to methods and devices for
learning-based recognition of 1imaged objects.

BACKGROUND

For the automatic evaluation of image recordings, for
example, 1n medical diagnosis, when monitoring technical
or non-technical systems and/or in the context of the visual
sensor apparatus of autonomous systems, machine learning
methods are increasingly being used. By means of these
methods, a learning-based image evaluation device can be
trained to automatically recognize objects represented on
images or assign them to an object type.

In this regard, by way of example, an 1mage evaluation
device of a medical diagnosis apparatus can be trained to
specifically recognize cell or tissue types on micrographs or
assign them respectively to a cell or tissue type. In particular,
the 1image evaluation device can be trained to assign image
recordings of biological cells, e.g., of blood cells, respec-
tively, to a cell type as object type and a developmental stage
of this cell type as object sub-type.

A great multiplicity of predefined images, to which an
object type and optionally an object sub-type have already
been assigned, are often used for such training. By means of
such training images, a learning-based image evaluation
device can be trained to reproduce the predefined object
types and optionally object sub-types as well as possible,
that 1s to say, for example, to recognize the cell types and the
developmental stages thereof with the least possible devia-
tion with respect to the predefined object types and object
sub-types. A multiplicity of known learning methods, 1n
particular supervised learning methods, are available for
carrying out such training.

In practice, however, i1t often happens that some of the
object types to be recognized occur considerably less fre-
quently than other object types. In this regard, some bio-
logical cell types, 1n particular pathological cell types, make
up only a proportion of less than 0.005% of all cell types.
Accordingly, the number of training images available for
rare object types 1s generally considerably less than the
number available for more common object types. However,
if only a small number of training 1mages are available for
training, the training success and thus the recognition accu-
racy can deteriorate considerably in conventional training
methods. Moreover, sub-types of rare object types can often
be recognized or diflerentiated only with difliculty.

Precisely in the medical field, however, 1t 1s often 1mpor-
tant to 1dentily even rare pathological patterns and devel-
opmental stages as correctly as possible. It 1s known, for
better classification of rare object types, for specific image
teatures to be determined 1individually by experts and for the
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training to be adapted thereto. Alternatively or additionally,
the training can be continued until a sufhicient number of
training 1mages of rare object types have been evaluated. As
a result of the above procedures, however, a required train-
ing outlay, particularly when rare object types are involved,
can rise considerably.

SUMMARY OF THE INVENTION

It 1s an object of the present invention to specily a method
for configuring an 1mage evaluation device, an 1mage evalu-
ation method and also an 1mage evaluation device which
allow more efficient training.

This object 1s achieved by means of a configuration
method having the features of patent claim 1 and image
evaluation method having the features of patent claim 9.

For configuring an image evaluation device for determin-
ing an object type and object sub-type of an imaged object,
a multiplicity of training 1images respectively assigned to an
object type and an object sub-type are fed into a first neural
network module for recognizing image features. Biological
cells, 1n particular, can function as objects and their respec-
tive cell type can be determined as object type and their
respective developmental stage or cell status can be deter-
mined as object sub-type. Furthermore, training output data
sets of the first neural network module are fed into a second
neural network module for recognizing object types on the
basis of image features. According to the invention, the first
and second neural network modules are jointly trained to the
cllect that training output data sets of the second neural
network module at least approximately reproduce the object
types assigned to the training images. Furthermore, for a
respective object type:

training 1mages assigned to this object type are fed into

the trained first neural network module,

the latter’s training output data set generated for a respec-

tive traimng 1mage 1s assigned to the object sub-type of
the respective training 1mage, and

these sub-type assignments are used as a basis to config-

ure a sub-type recognition module for recognizing
object sub-types on the basis of 1mage features for the
image evaluation device.

Dividing the configuration into data-driven training and
an object-type-specific configuration makes 1t possible to
mitigate many disadvantages of conventional training meth-
ods caused by a lack of object-type-specific training data.

Consequently, the configuration method according to the
invention often proves to be particularly eflicient for deter-
mining object sub-types of rare object types and generally
where there 1s a highly uneven distribution of object fre-
quencies.

An 1mage evaluation method according to the mvention
for determining an object type and object sub-type of an
imaged object can be implemented by means of the first and
second neural network modules trained as above and also a
sub-type recognition module configured as above. In this
case, an 1mage to be evaluated 1s fed into the trained first
neural network module and a resulting output data set of the
trained first neural network module 1s fed into the trained
second neural network module. An object type 1s then
derived from a resulting output data set of the trained second
neural network module. Furthermore, a sub-type recognition
module configured specifically for the derived object type 1s
selected and determines an object sub-type correlating with
the output data set of the trained first neural network module.
Finally, the derived object type and also the determined
object sub-type are output.
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On account of a division 1n the 1mage evaluation method
according to the invention corresponding to the configura-
tion method according to the invention, this 1image evalua-
tion method generally allows a more reliable determination
ol object sub-types of rare object types, particularly when
there 1s a highly uneven distribution of object frequencies.

A corresponding image evaluation device, a computer
program product, and also a computer-readable storage
medium are provided for carrying out the configuration
method according to the imvention and/or the image evalu-
ation method according to the imnvention.

The configuration method according to the invention, the
image evaluation method according to the invention, the
image evaluation device according to the invention, and also
the computer program product according to the invention
can be carried out or implemented, for example, by means
of one or more processors, application-specific integrated
circuits (ASIC), digital signal processors (DSP), and/or
so-called “field programmable gate arrays™ (FPGA).

Advantageous embodiments and developments of the
invention are specified in the dependent claims.

Preferably, the sub-type assignments can be used as a
basis to derive correlation parameters for a correlation
between 1image features and object sub-types. The sub-type
recognition module can be configured on the basis of the
correlation parameters. Such correlations or correlation
parameters make 1t possible, by means of statistical standard
methods 1n relation to given 1mage features not yet classi-
fied, to determine an object sub-type that correlates the best
or sulliciently well therewaith.

In accordance with one advantageous embodiment of the
invention, a probabilistic classifier, in particular a so-called
Bayes classifier, can be used as sub-type recognition mod-
ule. In this case, estimated and/or conditional probabilities
and uncertainties can be used as correlation parameters. A
probabilistic classifier, 1n particular a so-called Bayes clas-
sifier, can assign given image features or other features to
that class to which they belong with the highest probabaility.

Advantageously, the sub-type recognition module can
have a linkage structure corresponding to the second neural
network module. If a multilayer perceptron 1s used as second
neural network module, a corresponding sub-type recogni-
tion module 1n this sense can be embodied as a multilayer
Bayesian perceptron. In the case of corresponding linkage
structures, learning parameters and hyperparameters of the
second neural network module can advantageously be
reused in the configuration of the sub-type recognition
module.

Furthermore, on the assumption that object sub-types to
be recognized for an object type form an ordered sequence
specified by predefined sequence information, the sub-type
recognition module can be configured on the basis of the
sequence mnformation. Such a sequence can be given, for
example, by the chronological sequence of developmental
stages of cell types.

During the configuration of the sub-type recognition
module, preferably, a so-called ordinal regression can be
carried out on the basis of such sequence information. In
particular, an activation function of a neural end layer of the
sub-type recognition module can be adapted and/or a so-
called probit model can be used. Furthermore, activation
thresholds of activation functions can be learned.

In accordance with a further embodiment of the invention,
an a priori distribution of configuration parameters of a
probabilistic classifier can be determined on the basis of
learning parameters of the trained second neural network
module. In this case, 1n particular, parameters of the second
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neural network module that are set or optimized by the
training are designated as learning parameters. In particular,
Markov chain Monte Carlo methods and vanation-based or
other Bayesian derivation methods can be used for deriving
configuration parameters of the probabilistic classifier. In
this way, information obtained by the training regarding
learning parameters and the value distribution thereof can
advantageously be reused for the configuration of the sub-
type recognition module.

Furthermore, configuration parameters of the sub-type
recognition module can be set depending on training param-
eters of the first and/or second neural network module. The
training parameters can be hyperparameters and other
parameters that control the training and/or are obtained by
the training.

Furthermore, 1n the configuration method according to the
invention and also 1n the 1mage evaluation method according
to the 1nvention, the first neural network module, the second
neural network module, and/or the sub-type recognition
module can comprise an artificial neural network, a recurrent
neural network, a convolutional neural network, a multilayer
perceptron, a Bayesian neural network, an autoencoder, a
deep learning architecture, a support vector machine, a
data-driven. trainable regression model, a k-nearest neigh-
bor classifier, a physical model, and/or a decision tree.

BRIEF DESCRIPTION OF THE DRAWINGS

An exemplary embodiment of the invention 1s explained
in Greater detail below with reference to the drawing. Here
in each case 1s a schematic 1llustration:

FIG. 1 1llustrates a configuration of an image evaluation
device according to the mvention, and

FIG. 2 1llustrates an evaluation of images by means of the
configured 1mage evaluation device.

DETAILED DESCRIPTION OF TH.
INVENTION

(Ll

FIG. 1 illustrates a configuration of an image evaluation
device BA according to the invention for recognizing objects
imaged on 1mages to be evaluated and, i particular, for
determining an object type and also an object sub-type of a
respectively 1imaged object.

The 1mage evaluation device BA has one or more pro-
cessers PROC for carrying out method steps of the image
evaluation device BA and one or more memories MEM
coupled to the processor PROC for storing the data to be
processed by the image evaluation device BA.

In the present exemplary embodiment, a medical image
evaluation device BA for evaluating microscopic image
recordings of biological cells as objects to be recognized 1s
described as an exemplary application of the invention. On
the basis of one or more 1mages of a cell, the cell type thereof
1s mtended to be determined as an object type and a
developmental stage or cell status of the cell type 1s intended
to be determined as an object sub-type. For this purpose, the
image evaluation device BA 1s configured by means of
machine learning methods, as described below.

In the context of this configuration, a great multiplicity of
previously classified training images TPIC, here micro-
scopic 1mage recordings of biological cells, are read in from
a database DB by the image evaluation device BA. Classi-
fied means here that the training images TPIC have previ-
ously been assigned, for example, by experts, respectively to
an object type OT, that 1s to say a cell type, and an object
sub-type OST, that 1s to say a developmental stage or cell
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status. The respective object type OT and object sub-type
OST can each be specified in the form of a type and sub-type
identifier, respectively, and be read in by the image evalu-
ation device BA from the database DB 1n a manner assigned
to the relevant traiming image TPIC.

The training images TPIC read 1n are fed into a first neural
network module CNN of the image evaluation device BA.
The tramning 1images TPIC here are represented 1n each case
by an 1image data set. The first neural network module CNN
preferably comprises convolutional neural layers that form a
deep convolutional neural network. Such a convolutional
neural network 1s particularly suitable for efliciently recog-
nizing i1mage features within 1mages fed in. Such image
features can specily 1n particular—contained 1n the
images—edges, corners, areas, or other, 1n particular, local
geometric properties or relationships between i1mage ele-
ments.

The first neural network module CNN 1s mtended to be
trained to extract image features of the 1images fed 1n that are
particularly suitable for the object type recognition, or to
generate them as output data. In this case, the 1mage features
of an 1mage respectively fed in are represented by the output
data set of the first neural network module CNN that
respectively results therefrom. The output data sets of the
first neural network module can thus be regarded as image
data reduced to 1mage features that are essential for the
object type recognition. Such image features are often also
referred to as features.

For the purpose of this training, training output data sets
FEA generated from the traiming images TPIC by the first
neural network module CNN are fed into a second neural
network module MLP of the image evaluation device BA. In
this case, a respective training output data set FEA results in
cach case from the processing of a respective training image
TPIC.

The second neural network module MLP preferably com-
prises a multilayer perceptron (MLP). Such a perceptron
MLP 1s particularly suitable for classification tasks, her for
the classification of objects on the basis of 1mage features.

The first and second neural network modules CNN and
MLP together form a deep neural network DNN. The neural
networks CNN and MLP can thus in particular also be
regarded as subnetworks of the superordinate deep neural
network DINN.

According to the mvention, the second neural network
module MLP 1s imtended to be trained to recognize pre-
defined object types OT on the basis of suitable image
features.

In order to achieve the above training objectives of both
the first neural network module CNN and the second neural
network module MLP, both network modules CNN and
MLP are trained jointly. The endeavor here 1s to ensure that
training output data sets OOT generated by the second
neural network module MLP from the training output data
sets FEA fed 1n reproduce as accurately as possible the
object types OT previously assigned to the training images
TPIC fed 1n. A respective training output data set OOT of the
second neural network module MLP results here in each
case Irom the processing of a respective training image
TPIC.

Training should generally be understood to mean opti-
mizing a mapping of input data sets, here TPIC, of a
parameterized system model, for example, of a neural net-
work, onto the output data sets thereot, here onto the training,
output data sets OOT. This mapping 1s optimized according
to predefined criteria, learned criteria, and/or criteria to be
learned, during a training phase. In classification models, for
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example, a classification error, an analysis error, and/or a
prediction error can be used as criteria. In the present case,
the joint training of the network modules CNN and MLP
endeavors to ensure that the training output data sets OOT
correspond to the previously assigned object types OT as
often as possible and/or as well as possible.

For this purpose, learning parameters of the network
modules CNN and MLP are set by the training such that the
training output data set OOT output by the second neural
network module MLP as object type reproduces as well as
possible the predefined object type OT of this training 1image
TPIC. In this case, the learning parameters can comprise, for
example, a networking structure of neurons of the network
modules CNN and MLP and/or weights of connections
between these neurons.

The optimization of the learning parameters that 1s striven
for can be achieved, for example, by determining a deviation
D between the tramning output data sets OOT and the
predefined object types OT corresponding thereto 1n a suit-
able metric. In this case, the deviation D represents a
classification error of the neural network DNN. If the
training output data sets OOT and the predefined object
types are represented by vectors, the deviation D can be
determined, for example, as a multidimensional Fuclidean
or weighted distance of the vectors. The deviation D deter-
mined 1s fed back to the neural network DNN, that 1s to say
to the joint training of the network modules CNN and MLP,
as 1indicated by a dashed arrow 1n FIG. 1.

On the basis of the deviation D fed back, the neural
network DNN 1s trained to minimize this deviation D, that
1s to say to reproduce the predefined object types OT as well
as possible by means of the output object types OOT. For
this purpose, the learning parameters can be varied by means
of standard optimization methods until the deviation D 1s
minimal or comes close to a minimum. By way of example,
a gradient descent method can be used for minimization. A
multiplicity of standard machine learning methods are avail-
able for carrying out the above optimization.

By way of the joint training described above, firstly the
first network module CNN 1s tramned to recognize or to
generate those 1mage features which are particularly well
suited to an object type recognition, and secondly the second
network model MLP 1s simultaneously trained to determine
an associated object type on the basis of these image
features.

This form of data-driven training of the network modules
CNN and MLP can generally be applied very successtully to
classification problems for which a great multiplicity of
training 1mages 1s available. As already mentioned in the
introduction, however, 1t not infrequently happens that, 1n
particular for recognizing object sub-types of rare object
types, there are too few relevant training 1images available to
train a deep neural network efliciently.

For this reason, according to the invention, for ascertain-
ing object sub-types, mstead of the second neural network
module MLP, probabilistic classifiers are used as object-
type-specific sub-type recognition modules. Such a proba-
bilistic classifier can generally perform a classification even
on the basis of a comparatively small amount of reference
data. For example, the reference data can be used as a basis
to determine a respective probability of a respective object
sub-type being present and to output an object sub-type
having a high or a highest probability as the classification
result.

The sub-type classification of an 1image by a respective
sub-type recognition module 1s performed on the basis of
classification-relevant 1image features of this image, to gen-
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crate which 1mage features the trained {first neural network
module CNN 1s as it were reused. This reuse of the traimned
first neural network module CNN 1s indicated by dashed
arrows 1n FIG. 1.

Advantageously, for each object type in each case a
dedicated sub-type recogmition module 1s specifically con-
figured for recognizing object sub-types on the basis of
image features.

For this purpose, the training images TPIC(OT, OST) are
fed to a distribution module SPL of the image evaluation
device BA and are distributed among object-type-speciiic
configuration pipelines by the module depending on a
respectively assigned object type, here OT1, OT2, . ... Only
two object types OT1 and OT12 are explicitly indicated in
FIG. 1, for reasons of clanty.

In this regard, the training immages TPIC(OT1, OST)
assigned to the object type OT1 are fed to the trained first
neural network module CNN, which generates therefrom
image features FEA1 specific to the object type OT1 as
training output data sets. The image features FEA1 of a
respective training 1image TPIC(OT1, OST) are assigned to
the object sub-type OST of this training 1mage and with this
assignment are communicated to a probabilistic classifier
BMLP1 as a sub-type recognition module that 1s specific to
the object type OT1. These object assignments are used as
a basis to configure the probabilistic classifier BMLP1 for
recognizing object sub-types of this object type OT1.

The probabilistic classifier BMLP1 1s preferably embod-
ied as a Bayesian neural network. The latter advantageously
has a linkage structure between neurons that corresponds to
the second neural network module MLP, or a corresponding
architecture. In the present exemplary embodiment, the
probabilistic classifier BMLP1 1s thus implemented as a
multilayer Bayesian perceptron.

The probabilistic classifier BMLP1 can be configured, for
example, 1n such a way that the object-type-specific image
features FEA1 of all or almost all training images TPIC
(OT1, OST) of the object type OT1 are stored 1n a manner
assigned to the respective object sub-type OST of the
respective training i1mage in the probabilistic classifier
BMLP1. This requires a comparatively low storage outlay 1n
the case of rare object types OT1. Furthermore, as a result—
unlike 1n the case of conventional training of a neural
network—all tramning information about an assignment of

image features and object sub-types 1s substantially main-
tained.

By means of a probabilistic classifier BMLP1 configured
in this way, for recognizing an object sub-type, for example,
the 1image features of an image to be classified can be
compared with all stored 1mage features of this object type
in a simple manner and an object sub-type having a smallest
or a small deviation can be determined as the classification
result. By contrast, expanding such a comparison across all
training 1mages, that 1s to say also across common object
types, 1s generally not feasible with an acceptable outlay on
account of the often very large amount of training images.

Alternatively or additionally, on the basis of the assign-
ment of 1mage features FEA1 to object sub-types OST,
statistical correlations between the image features FEA1 and
the object sub-types OST can be determined and specified or
represented by object-specific correlation parameters CP1.
The probabilistic classifier BMLP1 can be configured on the
basis of these correlations or correlation parameters CP1.
For this purpose, 1t 1s possible to use a multiplicity of known
standard methods by which, from the correlations, the
conditional probabilities, uncertainties, and/or probabilistic
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graphs required for the configuration of Bayesian neural
networks are determined as configuration parameters.

Furthermore, particularly during the classification of
developmental stages of cell types, sequence information
about a necessary or probable sequence of the developmen-
tal stages can be evaluated by the probabilistic classifier
BMLP1 as additional information or a constraint during the
sub-type recognition. Preferably, on the basis of the
sequence miformation, a so-called ordinal regression 1s car-
ried out during the configuration of the probabilistic classi-
fier BMLP1.

Furthermore, a so-called a prior1 distribution AD {for the
correlation parameters CP1 of the probabilistic classifier
BMLP1 can be derived from the learming parameters of the
second neural network module MLP that are set by the
training, that 1s to say here from the optimized weights of
neural connections and/or from the statistical distribution
thereof. In this way, 1t 1s possible to use the learming
parameters and other traiming parameters of the second
neural network module MLP—as indicated by dashed
arrows 1n FIG. 1—as hyperparameters HP for the configu-
ration of the probabilistic classifier BMLP1.

The procedure described above specifically for the object
type OT1 1s carried out analogously for the object type OT12
and optionally for further object types 1n order to configure
one or more further object-type-specific sub-type recogni-
tion modules BMLP2, . . . of the image evaluation device
BA {for recognizing object sub-types within the relevant
object type.

Images newly recorded and/or not yet classified are then
intended to be evaluated by means of the image evaluation
device BA trained and configured as described above.

FIG. 2 1illustrates such an evaluation of an image PIC of
an object OBJ by means of the trained and configured image
evaluation device BA. Insofar as the same reference signs as
in FI1G. 1 are used 1n FIG. 2, the same entities are designated.

In the present exemplary embodiment, the recorded object
OB 1s a biological cell, the cell type of which 1s intended
to be recognized as an object type and the developmental
stage of which 1s intended to be recognized as an object
sub-type by the configured image evaluation device BA. The
image PIC to be evaluated i1s recorded by means of a
microscope MIC provided with a camera.

The recorded 1mage PIC 1s read 1n by the image evalua-
tion device BA and fed mto the trained first neural network
module CNN. The trained first neural network module CNN
generates an output data set FEA from the image PIC, the
output data set comprising, in accordance with the training
objective described above, preferably those image features
which are particularly well suited to object type recognition.
The output data set FEA generated by the trained first neural
network module CNN 1s fed into the trained second neural
network module MLP by the trained first neural network
module CNN. From the output data set FEA of the first
neural network module CNN, the trained second neural
network module MLP derives an output data set which, in
accordance with the above training objective, 1s intended to
specily an object type of the recorded object OBIJ as cor-
rectly as possible. In the present exemplary embodiment, 1t
shall be assumed that the output data set of the trained
second neural network module MLP specifies the object type
OT1 for the object OBI.

The 1image features FEA generated by the trained first
neural network module CNN and also the determined object
type OT1 are communicated to a selection module SEL of
the 1mage evaluation device BA. The selection module SEL

1s coupled to the probabilistic classifiers BMLP1, BMLP2,
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., which are respectively configured in an object-type-
specific manner, and serves for selecting one of the proba-
bilistic classifiers BMLP1, BMLP2, . . ., depending on the
object type respectively derived. In the present exemplary
embodiment, OT1 was determined as object type, on
account of which the probabilistic classifier BMLP1 specific
to the object type OT1 1s selected by the selection model
SEL.

Furthermore, the 1image features FEA are communicated
from the selection model SEL—as indicated by a dotted
arrow 1n FIG. 2—specifically to the selected probabilistic
classifier BMLP1. The selected classifier BMLP1 correlates
the 1mage features FEA on the basis of 1ts correlation
parameters CP1 and/or by comparison with stored training,
output data sets or 1image features of the first neural network
module CNN. In this case, preferably, that object sub-type 1s
determined which, 1n accordance with the correlation
parameters CP1, correlates the best with the image features
FEA, that 1s to say has a largest or sufliciently large
correlation. Alternatively or additionally, it 1s possible to
ascertain a distance between the image features FEA and
stored training output data sets or image features of the first
neural network module CNN. In this case, that object
sub-type can be determined whose assigned training output
data set has a smallest or sutliciently small distance. An
object sub-type determined in the ways above can be
regarded as a most probable object sub-type OST of the
object OBI.

The object type OT1 determined by the trained second
neural network module MLP and the object sub-type OST
determined here by the classifier BMLP1 are finally output
as the classification result for the object OBJ by the image
evaluation device BA.

As a result of the classification task being divided into a
data-driven object type recognition (often also referred to as
a big data approach) and a probabilistic object sub-type
recognition suitable even for a small amount of training data
(small data), a recognition certainty can oiten be signifi-
cantly improved. This applies 1n particular to the recognition
ol object sub-types of rare object types.

Besides the above-described application 1n medical diag-
nosis, the configuration method and/or 1mage evaluation
method according to the invention can be used 1n many
turther technical fields for efliciently classifying imaged
objects. Thus, for example, for optically monitoring techni-
cal or non-technical systems, such as, for example, produc-
tion installations or agriculturally productive land, for an
optical sensor apparatus of autonomous systems, or else for
general optical classification tasks.

The 1nvention claimed 1s:

1. A method for configuring an image evaluation device
for determining an object type and an object sub-type of an
imaged object, comprising:

inputting a multiplicity of training images respectively

assigned to an object type and an object sub-type into
a first neural network module for recognizing image
features,

inputting training output data sets of the first neural

network module 1nto a second neural network module
for recognizing object types based on recognized image
features, wherein:

the first and second neural network modules are jointly

trained such that training output data sets of the second
neural network module at least approximately repro-
duce the object types assigned to the traiming images,
and

for a respective object type:
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inputting training images assigned to the respective
object type 1nto a trained first neural network mod-
ule, the tramned first neural network module only
receiving tramning i1mages for a respective object
type,

generating a training output data set of the trained first
neural network module for a respective training
image of the respective object type,

assigning the object sub-type of the respective training
image to the tramning output data set of the trained
first neural network module, and

inputting the training output data set of the trained first
neural network module mto a dedicated sub-type
recognition module for only the respective object
type for recognizing object sub-types of the respec-
tive object type on the basis of image features
recognized by the trained first neural network mod-
ule.

2. The method as claimed 1n claim 1, wherein:

the sub-type assignments are used as a basis to derive

correlation parameters for a correlation between 1mage
features and object sub-types, and

the sub-type recognition module 1s configured on the basis

of the correlation parameters.

3. The method as claimed in claim 1, further comprising:

using a probabilistic classifier as the sub-type recognition

module.

4. The method as claimed 1n claim 1, wherein the sub-type
recognition module has a linkage structure corresponding to
the second neural network module.

5. The method as claimed 1n claim 1, wherein:

object sub-types to be recognized for an object type form

an ordered sequence specified by predefined sequence
information, and

the sub-type recognition module 1s configured on the basis

of the predefined sequence information.

6. The method as claimed 1in claim 5, wherein:

during configuration of the sub-type recognition module,

an ordinal regression 1s carried out on the basis of the
predefined sequence information.

7. The method as claimed 1n claim 3, wherein:

an a prior distribution of configuration parameters of the

probabilistic classifier 1s determined on the basis of
learning parameters of the trained second neural net-
work module.

8. The method as claimed 1n claim 1, wherein:

configuration parameters ol the sub-type recognition

module are set depending on training parameters of the
first or second neural network module.
9. An 1image evaluation method for determining an object
type and an object sub-type of an 1maged object, comprising;:
inputting an image to be evaluated into the first neural
network module as trained in claim 1,

inputting a resulting output data set of the first neural
network module 1nto the second neural network module
as trained 1n claim 1,

deriving an object type from a resulting output data set of

the second neural network module,

selecting a sub-type recognition module specific to only

the derived object type,

determining an object sub-type correlating with the output

data set of the first neural network module by the
selected sub-type recognition module, and

outputting the derived object type and the determined

object sub-type.

10. The image evaluation method as claimed in claim 9,
wherein:
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the determining the object sub-type correlating with the
output data set includes determining a respective dis-
tance between the output data set of the first neural
network module and a plurality of stored training
output data sets of the first neural network module, the 5
method further comprising;

selecting a training output data set having a smaller
distance than another training output data set, and

determining an object sub-type assigned to the selected
training output data set as the object sub-type correlat- 10
ing with the output data set.

11. The method as claimed 1n claim 9, wherein:

the first neural network module, the second neural net-
work module, or the sub-type recognition module com-
prises an artificial neural network, a recurrent neural 15
network, a convolutional neural network, a multilayer
perceptron, a Bayesian neural network, an autoencoder,
a deep learning architecture, a support vector machine,
a data-driven trainable regression model, a k-nearest
neighbor classifier, a physical model, or a decision tree. 20

12. The method as claimed in claim 1, wherein:

the first neural network module, the second neural net-
work module, or the sub-type recognition module com-
prises an artificial neural network, a recurrent neural
network, a convolutional neural network, a multilayer 25
perceptron, a Bayesian neural network, an autoencoder,
a deep learning architecture, a support vector machine,
a data-driven trainable regression model, a k-nearest
neighbor classifier, a physical model, or a decision tree.
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